Abstract Snow instability is a generic term describing the propensity of a snow slope to avalanche. In need of a concise mechanics-based concept we suggest a framework based on failure initiation, crack propagation, and slab tensile support. Following these three steps we modeled three metrics from mechanical data, which we derived from snow micropenetrometer signals. Verifying the metrics with field measurements confirmed that slab thickness and weak layer strength typically influence failure initiation, elastic modulus and weak layer fracture energy largely control crack propagation, and slab thickness and tensile strength provide the required tensile support. For all three metrics, considering slab layering was essential. Validation with signs of instability showed that the most accurate model includes all three steps -suggesting that snow instability can be described by failure initiation, crack propagation, and slab tensile support. Further validation is needed to assess the framework's potential for operational use.
Introduction
The release of a dry-snow slab avalanche is a fracture mechanical process. Failure initiation in the weak layer below the slab followed by rapid crack propagation across the slope are key processes before snow masses start moving downhill van Herwijnen & Jamieson, 2007) . Whumpfs and shooting cracks may be observed alongside (Jamieson et al., 2009) . Snow instability tests allow observing these processes separately (Schweizer & Jamieson, 2010) . However, slope stability evaluation from point observations, for example, by stability tests, is hampered by the variable nature of the seasonal snow cover (Birkeland, 2001; Kronholm & Schweizer, 2003) .
Hence, estimating snow instability, which is crucial to avalanche danger forecasting and infrastructure risk assessment, builds on record keeping of avalanche activity, signs of instability, and stability test results. This approach is used because presently there is no metric describing snow instability and even less so avalanche danger (Techel & Schweizer, 2017) .
Snow cover modeling offers an alternative way to obtain snow stratigraphy information (Bartelt & Lehning, 2002; Brun et al., 1992; Vionnet et al., 2012) with high temporal and spatial resolution. Coupling of such snow cover models with numerical weather prediction models allows predicting snowpack properties in time and space (Bellaire & Jamieson, 2013; Quéno et al., 2016; Vionnet et al., 2016) . By adding a mechanical model to this model chain we can reach out for predicting snow instability in time and space (Vernay et al., 2015) .
To this end, a description of snow instability at the scale of the snow cover or a point in the terrain is much needed, yet presently lacking. It seems natural that such a description is based on the processes involved in avalanche release, namely, failure initiation and crack propagation, and employs snowpack data acquired with the snow micropenetrometer (SMP; Schneebeli & Johnson, 1998) . Only recently, a first framework has been presented describing point snow instability that was used for spatial and temporal analyses of instability .
However, during the initial phase of dynamic crack propagation the tensile strength of the slab influences how far a running crack will propagate (Gaume et al., 2015) . This finding was so far supported by a preliminary analysis of field data showing that denser slabs showed more extensive crack propagation , and seems important for observer-independent snow instability evaluation .
Our aim is to provide a framework for snow instability evaluation from point observations. To this end, we introduce a slab tensile criterion complementing the existing criteria for failure initiation and crack propagation. We will only briefly recall the latter two and then validate all three criteria with field data. Based on the comparisons with field experiments we highlight the main snow cover properties that drive the three processes influencing snow instability. Eventually, we assess the criteria's performance to predict snow instability based on observations of signs of instability. Our findings suggest that a three-step approach performs slightly better than the previously presented two-step approach-emphasizing the role of slab tensile support for crack propagation.
Materials and Methods

Snow Mechanical Properties
Our snow instability metrics are based on snow mechanical properties derived from field measurements for slab layers, the weak layer, and a basal layer. Mechanical properties include snow density, elastic modulus E, tensile strength σ t , specific fracture energy w f , and weak layer strength σ WL . Snow density, effective elastic modulus, and weak layer specific fracture energy were derived from the SMP signals as described by Reuter et al. (2018) following the approach for signal interpretation suggested by Löwe and van Herwijnen (2012) . We used the density model reported by Proksch et al. (2015) , but instead of using their coefficients based on Alpine and Arctic samples, we derived a local calibration, if manual snow density measurements and corresponding reference SMP measurements were available at the study site on that particular day. The tensile strength σ t was determined after Jamieson and Johnston (1990) from SMPderived snow density, and the strength of the weak layer σ WL was approximated with the SMP-derived microstructural strength (Johnson & Schneebeli, 1999) .
Modeling Snow Instability
We derived three snow instability metrics, each one based on finite element (FE) modeling, as is usually required when loading a multilayer material. The first two metrics are the failure initiation and crack propagation criteria introduced by .
To assess the stability at the depth of the weak layer during localized skier loading at the snow surface, we calculated the failure initiation criterion as the ratio of the strength of the weak layer σ WL and the maximum additional shear stress at the depth of the weak layer Δτ. The latter was obtained from a FE simulation assuming a static strip load on top of the slab sitting on a weak layer. Alternatively, we calculated the maximum additional shear stress for a strip load from the analytic formulation presented by McClung and Schweizer (1999) using an equivalent slab thickness (Monti et al., 2016) , which partly accounts for slab layering.
To assess the propensity for crack propagation in the weak layer below the slab, we calculated the critical crack length r c based on the work of Heierli et al. (2008) but used the expression for the mechanical energy presented by van Herwijnen et al. (2016) including their calibration for slope angle and ratio of crack length to slab thickness.
To complement the two above-mentioned metrics of snow instability, we introduced a tensile failure criterion T i . This criterion relates the tensile strength of each slab layer σ t,i to the maximum tensile stress in each layer σ i at the onset of crack propagation. The slab tensile criterion T is expressed as the thicknesses of the layers h i with a critical value T i and normalized by total slab thickness H:
With a FE model we simulated the tensile stresses σ yy in the slab at the onset of crack propagation. In the model, the slab is unsupported along the critical crack length and supported by the weak layer from the crack tip upslope ( Figure S1 in the supporting information). For each layer we extracted the maximum tensile stress within a band of 30 cm width that is centered at the tensile stress maximum at the snow surface and extends down to the weak layer.
Statistical Measures
We used the Pearson correlation coefficient r p , or Spearman's correlation coefficient r s for ordinal data, and the value of significance p to describe the strength of a linear relationship between two quantities. To verify how the metrics compare with measurements, we used the coefficient of determination R 2 (with the definition of the fraction of unexplained variance), the root-mean-square error (RMSE), and the mean absolute error. To describe classification accuracy, we calculated the probability of detecting unstable cases (POD; also called true positive rate TP), the probability of correctly predicting stable cases (PON), and the false alarm rate (FP = 1 À PON; also called false positive rate). The mean of POD and PON is called unweighted average accuracy (RPC; Fawcett, 2006; Schweizer & Jamieson, 2010; Wilks, 2011 ).
We graphed model predictions in receiver operating characteristic (ROC) space (Fawcett, 2006) , which depicts the tradeoff between hits and false alarms and allows comparing models with different classifiers. The model scores, that is, the probability that an observation belongs to the unstable class, were derived from the probability estimates of a logistic regression analysis or from the class proportions at the leaves of a classification tree. We normalized variables and assumed a binomial distribution in the logistic regression. Classification trees had a maximum of two splits per predictor variable. The Gini coefficient (GINI) is a measure of classification quality and relates to the area between the ROC curve and the 1:1 line. The point on the ROC curve at maximum distance perpendicular from the diagonal corresponds to the probability threshold yielding the highest value of the true skill statistic (TSS = POD À FP, Wilks, 2011).
Field Data
From routine measurements and field campaigns during winter seasons between January 2003 and March 2015 we accumulated a field data set containing 139 measurements with the SMP and corresponding observations of snow stratigraphy and snow instability. The data were all collected around Davos (Eastern Swiss Alps).
The SMP measurements contain records of penetration resistance to a depth well below the weak layer that we had identified beforehand in an adjacent manually observed snow profile (Canadian Avalanche Association, 2007); profiles were complemented with snow instability tests. Thus, 77 of the 139 SMP measurements can be related to a propagation saw test (PST; Gauthier & Jamieson, 2008) with column length requirements given in van Herwijnen et al. (2016) and 62 of the 139 SMP measurements to a Rutschblock (RB) test (Föhn, 1987) . In 122 of the 139 cases our data also include records of signs of instability, that is, the absence or the presence of whumpfs, shooting cracks, and fresh avalanches (Jamieson et al., 2009 ) at the field site.
In other words, we deal with three data sets: one with signs of instability (N = 122), a PST (N = 77), and a RB (N = 62) data set (Reuter et al., 2018) . While we use the PST and the RB data to verify our metrics, we use the larger data set including signs of instability to assess the prediction performance of combining our three metrics. The PST and the RB data described here include the ones previously used by (N = 129 of 139).
Results
We illustrate the slab tensile criterion with an example. Then, we provide comparisons of the measures of snow instability with experimental field data. Finally, we relate these instability metrics to the data set including signs of instability.
Slab Tensile Criterion
At the onset of crack propagation, that is, when a failure in the weak layer occurred and a crack begins to separate the weak layer, the slab undergoes strong deformation. The resulting stress in each slab layer depends on the layers' mechanical properties and was obtained from the FE simulation ( Figure 1a ). For each layer we compare the modeled maximum tensile stress to its strength. This ratio provides us with a tensile failure criterion T i , which can be graphed along with a profile of strength ( Figure 1b ). Values of criterion T i below 1 indicate that the layer is not strong enough to support the tensile stress. In the example (Figure 1b) , this is the case for the top three layers of the slab yielding a slab tensile criterion T = 0.48. Indeed, in this particular case, we had observed a slab fracture in the PST at a crack length of 23 cm.
Comparing Metrics to Stability Test Results
In Figure 2a we compare the failure initiation criterion S modeled from SMP signals to corresponding RB scores (N = 62). As scores 1 and 7 were rarely observed, we pooled them with scores 2 and 6, respectively. Generally, the failure initiation criterion S increased with increasing RB score (r s = 0.49), which is reflected in increasing medians in Figure 2a . Using the analytical solution for the maximum shear stress (McClung & Schweizer, 1999) instead of the FE solution decreased the correlation to r s = 0.44 likely because slab layering is not appropriately taken into account ( Figure S2 ).
Introducing a commonly used stability classification into stable (RB ≥ 4; N = 37) and unstable (RB < 4; N = 25) cases , we found a split at S = 118 with a classification tree. At RPC = 0.73 (POD = 0.70 and PON = 0.75) the value separated well between stable and unstable cases. Apparently, slabs thicker than about 50 cm only rarely yielded low values of the failure initiation criterion, that is, S < 118, for which a weak layer strength below about 80 kPa was required.
The slab thickness (r p = 0.76, p < 0.01) and the weak layer shear strength (r p = 0.68, p < 0.01) were the main drivers of failure initiation and slightly more relevant than the FE-derived effective elastic modulus of the slab (r p = 0.51, p < 0.01) assuming a linear correlation. As snowpack properties do not generally relate linearly to the metrics, we verified that applying a log transformation to nonlinear parameter relations does not change the above findings.
We compared the modeled critical crack length with the critical crack length observed in field experiments (PST data; Figure 2b , inset). Modeled and measured values of the critical crack length were clearly correlated (r p = 0.84, p < 0.01). The model's potential for predictions is reflected in the coefficient of determination R 2 = 0.64. Indeed, the model could predict the critical crack length with a RMSE of 8 cm. As the mean absolute error was similar (7 cm), we conclude that with the current data the model performed robustly, that is, did not produce large outliers. Using a modulus based on the average slab density instead of an effective slab modulus was not a good approximation (R 2 = À2.5, RMSE = 23 cm; open gray circles).
The slab elastic modulus (r p = 0.71, p < 0.01) and the weak layer specific fracture energy (r p = 0.83, p < 0.01) both had a strong influence on the modeled critical crack length (Figure 2b ). Critical crack lengths longer than 30 cm were only obtained if either the slab was rather stiff with slab elastic moduli larger than about 7 MPa or the weak layer was rather strong, which translates in our data set to specific fracture energies exceeding about 0.5 J/m 2 .
To verify the slab tensile criterion T, we compared the modeled values with observations of the PST arrest type (Gauthier & Jamieson, 2008) and the RB release type (Schweizer et al., 2008) . We formed two classes by assigning whole block release types in RB tests and propagation to the end in PSTs to the class full propagation (N = 97) and all other test results to the class partial propagation (N = 42). The dark gray boxes in Figure 2c show that for lower values of the slab tensile criterion T full propagation was more likely observed (r s = À0.39, p < 0.01). Indeed, a classification tree yielded a significant split for T < 0.45 between the groups of partial and full propagation. With an analytical approach based on the ratio of average slab tensile strength and slab tensile stress (Gaume et al., 2015) the correlation dropped to r s = À0.25 (light gray boxes in Figure 2c ). Hence, accounting for slab layering, the slab tensile criterion identified most cases showing partial propagation (POD = 0.64) and still kept them fairly separated from full propagation (PON = 0.75).
Whereas slab density was not related to the slab tensile criterion (r s = À0.07, p = 0.44), the slab tensile criterion decreased with increasing slab thickness (r s = À0.44, p < 0.01). Indeed, using the splitting value of T < 0.45, the slab tensile criterion suggests that slabs thicker than about 30 cm were required to support propagation.
A Model Framework of Snow Instability
Combining the modeled criteria, we aim at describing snow instability. For validation we used the data set with signs of instability (N = 122). We grouped observations of signs of instability into three groups: whumpfs, shooting cracks with or without whumpfs (cracks), and all (three) signs .
Apparently, signs of instability were concentrated in the lower left of the graph (Figure 3a) . Indeed, visually selected thresholds of S < 200 and r c < 30 cm separated 97% of the cases when signs of instability were present but observed stable cases, that is, cases when signs were absent, are poorly classified (RPC = 80%, POD = 0.94; PON = 0.65).
The lower left quadrant in Figure 3a holds 62 cases including 30 we missed to classify correctly, because signs of instability were absent. Among those false alarms were 16 cases that showed partial rather than full propagation in stability tests.
We showed above that the slab tensile criterion can discriminate between full and partial propagation. Introducing the slab tensile criterion with the before determined threshold of T < 0.45 led to the discrimination depicted by the small circles in Figure 3a . Consequently, the number of misclassified stable observations, that is, false alarms, fell by half, yielding a FP of 0.17 instead of 0.35. This, however, reduced the number of correctly identified unstable cases; the POD decreased from 0.94 to 0.81. Still, we obtained a more balanced classification with a slightly higher unweighted average classification accuracy RPC = 82%. As the validation showed that thresholds can identify the unstable cases, that is, when signs of instability were reported (Figure 3a) , we study the prediction performance of our three snow instability criteria for unstable cases. To do so, Figure 3b relates the false positive rate (FP) and the true positive rate (POD).
Interpreting avalanche release as a sequence of fracture mechanical processes, we start with the failure initiation criterion and a threshold S < 200. Then we include the critical crack length with a threshold r c < 30 cm and finally add the slab tensile criterion with a threshold T < 0.45. With increasing model complexity the overall prediction performance increased (crosses in Figure 3b) , even though the models did not approach the upper left corner where a perfect model would sit. The model considering initiation only classified almost all unstable cases correctly (POD = 0.97), yet at a high cost (FP = 0.5). By including crack propagation and tensile support, we reduced the number of false stable predictions, that is, the costs, but at the same time the models become more liberal, meaning the false stable predictions increased.
We calculated ROC curves based on scores obtained from multiple logistic regressions. For one single classifier, such as the failure initiation criterion, points on the ROC curve represent different thresholds. Apparently, the visual threshold of S < 200 was a conservative choice, as it sits on the top center of the ROC curve and the highest true skill statistic (TSS = 0.52, open green circle in Figure 3b ) is substantially to the lower left. This point corresponds to a threshold of S < 152, which is identical to the first split value found with a classification tree.
Including both, the critical crack length and the slab tensile criterion, increased the prediction performance.
In particular, the area under the ROC curve extended further to the upper left that is reflected in Gini coefficients increasing from 0.61 to 0.76 and to 0.78. Although in some areas along the ROC curve the two-step model performed equally well as the three-step model, the three-step model performed slightly better in areas where stable and unstable cases are equally well predicted (see shading in Figure 3b )-hence yielding a more balanced prediction. This suggests that in our data set snow instability is best described by a combination of failure initiation, crack propagation, and slab tensile support.
Discussion
Whereas previous approaches usually relied on a single metric or snow property, we combined the three criteria for failure initiation, crack propagation, and tensile support to describe snow instability; our approach is guided by the fracture processes involved in slab avalanche release. The classical skier stability index combines weak layer strength, slab density, and slab thickness, which can be obtained with field measurements requiring detailed snow pit observations. The index agreed rather well with observed avalanche activity (Jamieson & Johnston, 1998) , given that it only considers failure initiation. Bellaire et al. (2009) related SMPderived strength and slab hardness separately to stability test results and concluded that snowpack stability is not simply a question of minimal strength but a complex interaction between weak layer and slab properties. Approximating the influence of the slab by considering slab density Pielmeier and Marshall (2009) improved the agreement of weak layer strength with field observations of snow instability. The first attempt to derive a snow instability metric from SMP measurements combining weak layer and slab properties was presented by Schweizer and Reuter (2015) , but the relation to slope stability was poor, possibly because their approach did not consider crack propagation.
Previously presented new metrics describing both, failure initiation and crack propagation, helped to reproduce field observations, such as stability test results or signs of instability (Gaume & Reuter, 2017; . By introducing the criterion for tensile support we improved the performance in describing snow instability. For this last analysis, data were already available from previous studies, which we updated with data we had collected meanwhile.
Due to this larger data set, recent developments in mechanical modeling and an improved calibration of SMP-derived snow density, the thresholds of the instability criteria reported by , S < 234, r c < 41 cm, slightly changed. Their findings on the role of failure initiation and crack propagation in slab avalanche release were confirmed despite some model adaptations. Moreover, including in the avalanche release processes the tensile support of the slab during crack propagation we are now able to account for a lack of slab strength-an effect that causes early slab fractures.
We used SMP penetration resistance data to derive mechanical properties and eventually calculate snow instability metrics. Hence, most properties, for example, the elastic modulus, are not directly measured but derived based on assumptions about how the tip of the SMP interacts with the snow. Presently, no comprehensive model exists that describes this interaction with the complex microstructure of snow. Nonetheless, comparisons with independent measurements, such as μCT imaging and FE modeling, revealed that the SMP-derived micromechanical properties are related to the macroscopic snow mechanical properties (Reuter et al., 2018) . Still, to increase accuracy and robustness, we could average several SMP signals from the same location.
The presented framework offers a way to assess snow instability at a location in the field. However, we are lacking a reference for snow instability which in part is a consequence of slope scale effects (Gaume et al., 2014) and spatial variations . Moreover, to validate snow instability model results subjective field observations are typically only partly suitable. Hence, although we suggest objective metrics to determine snow instability, we are bound to use subjective observations for validation.
Addressing the present lack of an unambiguous terminology or a physical formulation of snow instability, this framework is a suggested concept of how to describe snow instability. As the framework is basically applicable to any kind of snow mechanical data, we suggest taking further steps toward the use with, for instance, snow cover modeling data and further assess its applicability and potential as part of an operational model.
Our performance parameters, for example, the RCP = 82% for our simple three-step model with visual thresholds, are not cross validated, since we are not presenting an operational model but are primarily showing how model performance improves with increasing complexity.
Conclusions
For assessing snow instability we suggest a framework including a combination of failure initiation, crack propagation, and slab tensile support. We verified the three metrics, which were determined from SMP-derived mechanical properties and FE modeling, with independent field observations.
Relating snowpack properties to the metrics revealed drivers of the fracture processes. For failure initiation those are slab thickness and weak layer strength; for crack propagation they are elastic modulus and weak layer fracture energy together with slab thickness and tensile strength for tensile support. All three criteria showed better performance if slab layering was taken into account, which often required FE modeling.
Finally, we assessed the predictive power of our three metrics in comparison with observed signs of instability. Model performance increased with increasing model complexity. The most balanced prediction is obtained if failure initiation, crack propagation, and slab tensile support are considered-suggesting that snow instability can be described by these three processes.
Future development should further assess applicability and potential for operational use.
